ABSTRACT Respiratory motion causes difficulty in locating tumours in the thorax and upper abdomen for image-guided radiotherapy. Precisely predicting the respiratory-induced organ motion is still a challenging problem at present. In this paper, to predict the motion of lungs in a respiratory cycle, we propose a novel method comprising Bayesian registration and trajectory modelling based on cine four-dimensional computer tomography (4DCT) images. Specifically, we take the CT image captured at the end-inhale phase as the source image and those captured at other phases as the moving images. We then align the source image to each moving-phase image to generate the displacement fields using the Bayesian registration method. The lung-motion trajectory is then modelled based on a continuous time-related displacement field by linking the displacement fields at discrete phases. The results indicate that any point in the lungs at any given time is accurately predicted using the proposed method, which provides an alternative method of estimating the lung and tumour motions for radiation therapy.
I. INTRODUCTION
Respiratory motion induces uncertainties in the shape, volume, and location of a tumour, making it difficult to conduct image-guided radiotherapy of tumours in the thorax and upper abdomen regions [1] , [2] . Actually, all organs in the thorax and abdomen suffer from such uncertainties due to respiratory motion, among which the lung is most affected. Hence, respiratory motion management is of great significance in lung cancer radiotherapy.
Some techniques have been used for motion management, such as breath-hold methods, abdominal compression, respiratory tracking and respiratory gating [3] . However, breath-hold techniques and abdominal compression may not be suitable for patients with poor respiratory function. Respiratory tracking and gating relies on the interpretation of either internal or external surrogates. Radio-opaque fiducials are often used as internal surrogates but prone to pitfalls such as the risk of pneumothorax and marker migration [3] . Although some signals have been used as external surrogates to estimate the motion of the lungs, these signals are often obtained using devices such as spirometers, abdominal pressure belts, and external markers, which are limited in reflecting the complexity of the lung motion. Four-dimensional computed tomography (4DCT) comprises a sequence of 3D images captured at different periods in a breathing cycle, making it possible to visualise the motion of a tumour. This method has been widely used to aid radiation treatment planning [4] and have potential improving the therapeutic window with motion management [5] .
One of the easier methods involves determining the deformation of the lung by tracking the region of interest (ROI) across the 4DCT images, which requires establishing a correspondence between the different respiratory states of the lungs. Considering the objective of image registration is to obtain a transformation by aligning the features of one image with the correspondences of another image, registration algorithms can be used to detect and quantify the deformation in the lungs from the serial images.
Existing registration methods can be categorised into rigid registration and non-rigid registration approaches [6] . Compared to the rigid registration wherein only translation and rotational motions are applied for transformations, the nonrigid registration is more suitable for representing the complicated deformation and distortion of the anatomy. Various non-rigid registration algorithms have been developed for medical images and can be divided into feature-based algorithms [7] - [10] , intensity-based approaches [11] - [13] , and physical models [14] - [17] .
The feature-based methods are widely used in the medical field. For instance, Xiong et al. [18] detected junction structures as landmarks in the lungs and modelled the lung motion based on their trajectories using a B-spline method. However, extracting the landmarks is time consuming and prone to bias. In the intensity-based methods, the intensity information is directly used without extracting the features for image registration. In many of the intensity-based algorithms such as the optical-flow method [19] and the sum of squared difference method [20] , the intensity of an image is assumed to be conserved, which is not true in reality because the respiratory motion causes variation in the intensity of the images of the lungs. The physical models describe the lung motion as a physical process. One of the widely used physical models is the biomechanical model [15] , [21] . The lungs are simply modelled to be uniform in the reported biomechanical approaches because of the lack of material properties, which is not true in reality and limits the applications.
To address the aforementioned limitations, we propose a generative-respiratory model to predict the lung motion in this study, which contrary to previous approaches is based on patient-specific 4DCT images. The proposed method comprises two stages: Bayesian registration and trajectory modelling. The correspondence between the different respiratory states of the lungs at different time is determined using Bayesian registration so that the spatiotemporal motion can be constructed via trajectory modelling.
The main contributions of this study are in (1) having developed an algorithm based on Bayesian registration and trajectory modelling, which not only can have a comparable registration performance to the state-of-the-art deformable registration methods but also can predict the lung positions at any given time in a respiratory cycle, and (2) having demonstrated that the proposed method has the potential to be used for radiation therapy through estimating lung and tumour motions.
II. PROPOSED METHODOLOGY
In this study, we propose a method of estimating the motion of the patient-specific lung from serial 4DCT data using the Bayesian non-rigid registration and trajectory modelling. The Bayesian registration is employed to align the sequential 4DCT phase images of the lungs, given in section A, which produces a dense deformation field with displacement information at every phase. Using these deformation fields, we designed a trajectory function to simulate the motion of the lungs during respiration, given in section B. The implementation of the proposed algorithm is introduced in section C.
A. BAYESIAN REGISTRATION
We make the following assumptions to align the moving images with a source image. Assuming that x is a point in the source image and y is the corresponding point in the moving image, the displacement vector u x between them satisfies the equation y = x + u x . Thus, we describe the image registration as a problem of searching for an underlying displacement field such that the ROI in the source image is aligned optimally with the correspondence of the moving image.
The optimal displacements can be obtained by minimising a cost function E comprising an image similarity term E s and a regularisation term E r where E = E s + E r . This framework is independent of the specific forms of the similarity term, regularisation term, or transformation model.
Assuming S and M as the source and moving images, respectively, the relationship between the moving and source images can be modelled as follows.
where U is the displacement field, and η is the noise. In a Bayesian framework for registration [22] , the displacement field U can be evaluated by maximising their posterior probability as follows.
where P (M |U , S ) is the data likelihood representing the probability of observing the moving image with the deformation U under the noise model in Eq. (1). P (U ) means the prior that contributes additional information to regularise the ill-posed maximum likelihood problem. The best estimate U satisfies the maximum posterior criterion, which can be used to minimise the cost function as follows.
Here, the cost function E comprises an image-dissimilarity term E s = − log P(M |U , S ) and a regularisation term E r = −logP (U ).
We assume that the noise is modelled using a Gaussian distribution N (µ, δ 2 ) for each local region in image. Moreover, the voxels are independent and identically distributed
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(i.i.d.) which allows breaking down the global data likelihood into a product of point-wise conditional probabilities as follows.
Therefore,
where µ is the mean change in the grey value of pixels in the local region , which is computed based on the sum of squared difference between the local regions as
. N is the number of voxels in the region .
Given that X voxels exist in the source image, we assume that the displacement field U can be considered random variables and approximately represented using a transformation function.
where A and B are the transformation matrices with parameters a j (j = 1, 2, 3...9) and
called the transformation error, which is modelled using a standard Gaussian distribution. Therefore, we can obtain the regularisation term as follows.
So far, we established the cost function E comprising the data similarity and displacement regularisation terms by minimising E s + E r , which is defined simply using the unknown displacement vectors and transformation parameters.
B. TRAJECTORY MODELLING
We model the lung motion based on the time-continuous displacement field using a cubic polynomial function such that the image voxel position can be located in 3D space at any given time in a respiratory cycle. The time-continuous displacement function is defined as follows. where q j (j = 1, 2, 3...12) are the trajectory-fitting parameters. u i (t) (i = 1, 2, 3) are the displacement components at time t in the x, y, and z directions, respectively.
C. ALGORITHM IMPLEMENTATION
In this study, we reconstruct the continuous displacement field to model the motion of the lungs during a respiratory cycle using 4DCT images. Figure 1 shows the framework of the proposed method that is implemented and described as follows.
1) Image pre-processing. Given 4DCT images, we consider the CT image from a particular phase as the source image and each image from other phases as the moving image. We then extract lung regions from CT images using the method introduced in [23] . 2) Bayesian registration. Align the source image to each moving image for establishment of the corresponding displacement fields between the different phases using Bayesian registration. Specifically, to obtain the optimal displacement field, we divide the Bayesian registration process into two stages based on minimising the data similarity term and the displacement regularisation term. In the first stage, we consider the similarity term in Eq. (5) as the registration metric and employ the neighbourhood of a voxel to form its local region.
We then use a block-matching approach to determine the displacement vector for each voxel by minimising the registration metric. In the second stage, the optimal transformation parameters a j (j = 1, 2, 3...9) and b i (i = 1, 2, 3) in Eq (7) can be calculated using a simple process based on the least median of the square filter [24] . Firstly, all the points in the source image and their corresponding displacement vectors obtained from the first stage are used to initialise m (m =9+3) parameters and the displacement residual is obtained for each point. Secondly, the parameters a j and b i are updated using m + 1 points with the m + 1smallest residuals until all the points are included. Finally, only displacement vectors leading to the lowest median of the residuals are maintained and used to compute the optimal parameters such that the entire smooth displacement field is obtained by interpolation. 3) Trajectory modelling. Estimate the parameters given in Eq.(8) using the least-squared method with displacement fields obtained from the Bayesian registration. Accordingly, the respiratory motion of the lungs is modelled based on the continuous displacement field, allowing for the prediction of any point in the lungs at any given time in a respiratory cycle.
III. RESULTS
In this study, the 4DCT images were obtained using a cine 4DCT imaging model, which was provided by the Deformable Image Registration Laboratory of the University of Texas MD Anderson Cancer Center. The acquired images have been retrospectively phase sorted into 10 bins, each of which are equally spaced in time over the breathing cycle. The 10 bins ranged from T00 to T90 with an equal interval, among which T00 and T50 correspond to the end inhale and end exhale phases, respectively. We randomly selected the 4DCT images of six patients to conduct the experiment. Table 1 lists the data characteristics. We consider the CT image captured at the end-inhale phase as the source image and each image captured at other phases as the moving images for image registration. We then model the motion of the lungs using the proposed method. Fig. 2 shows the predicted results of the lung motion with the help of the representative CT images presented in axial, coronal, and sagittal views, respectively. To illustrate the difference between the ROIs, the subtracted images with and without prediction are given for comparison, as shown in Fig. 2 . The subtracted images show a clear decrease in the overall error in the lung boundary using the proposed method compared to the no-prediction case, indicating that the proposed method is effective in prediction of lung motion.
To validate the accuracy of the proposed method, we measure the error in evaluating the deformation of the lungs using landmarks, which have been determined by medical experts. Table 2 presents the details of the landmarks used in experiment. Figure 3 illustrates error vectors of landmarks between T00 and T50 for case 2 prior to registration, and after registration using the Bayesian registration and the proposed trajectory model. The error vectors are obviously seen before registration and substantially decreased after registration using either the Bayesian registration or the proposed trajectory model.
For each patient, we measure the mean prediction error and standard deviation (SD) along the anterior-posterior (AP), left-right (LR), and superior-inferior (SI) directions, respectively, and compare them with those obtained using the linear-trajectory prediction model [25] and the cosinetrajectory model [26] . Results are shown in Table 3 . The overall mean errors ±SD for the linear trajectory model, the cosine trajectory model and the proposed method are 3.70 ± 5.26 mm, 1.25 ± 0.81 mm and 1.09 ± 0.68 mm, respectively. Moreover, along each of the AP, LR, and SI directions, the proposed method yields a lower mean error than the linear and cosine models, which shows that the proposed method is more accurate in predicting the motion of lungs.
To evaluate the accuracy of the proposed method in lung motion estimation, we further compare our result with that of four state-of-the-art non-rigid registration methods, including the Demons based method [27] , the anatomically constrained deformation algorithm (ANACONDA) based method [28] and the biomechanical model [29] , as well as the symmetric registration approach [30] . Table 4 shows the mean error and SD over 300 landmarks for each patient by using different methods. The mean errors ±SD of registration are 1.73 ± 1.28 mm and 1.55 ± 1.11 mm for the demons based method and the ANACONDA based method, which are reduced to 1.31 ± 0.74 mm and 1.22 ± 0.82 mm by the biomechanical model and the symmetric registration approach respectively. The proposed method achieves the lowest mean error ±SD of 1.09 ± 0.67mm, indicating that the proposed method is superior to the above four methods.
IV. DISCUSSION AND CONCLUSION
In this paper, we presented a novel approach for modelling the lung motion based on Bayesian registration and trajectory simulations. In the Bayesian registration, the neighbourhood information is combined with a similarity metric such that an initial displacement field is generated, which is smoothed and refined via the displacement regularisation. The dense displacement fields are then used to describe the lung motion. This is achieved by linking the displacement field at the discrete phases using a continuous time-related polynomial function. The results indicate that the proposed method is superior to the linear-trajectory and cosine-trajectory models in predicting the motion of the lungs with a relatively high accuracy.
The proposed algorithm has provided encouraging results compared to some state-of-the-art image registration methods including the Demons based method, the ANACONDA based method, and the biomechanical model, as well as the symmetric registration approach. The Demons theory has been widely used for medical image registration, however, its assumption of intensity conservation disagrees with the fact that lung image intensity varies due to respiratory motion. The ANACONDA based method is found to have difficulty in handling with registration of images with large deformation (such as case 6). The biomechanical model provides physically realistic results, but its accuracy relies on model parameters such as Young's modulus, Poisson's ratio, friction coefficient and tissue heterogeneity, which are difficult to measure or estimate and thus limits application of the biomechanical model. Although the symmetric registration approach obtains accurate estimation of lung deformation, it is still not as accurate as the proposed method. It should be noted that these four previously published methods have been used to estimate deformation between images but unable to make prediction of lung motion between different states.
The proposed method is designed to construct spatiotemporal motion from 4DCT images. Specifically, Bayesian registration estimates spatial deformations of the lungs between discrete phases in respiratory cycle in the first stage, while the continuous motion is temporally recovered with trajectory modelling in the second stage. Different to the Bayesian model presented for reconstruction of 4DCT images in [31] , the Bayesian registration in our study can tolerate intensity variation by introducing the neighborhood influence into data fidelity and lead to the smooth deformation by using the least median of squares as regularisation of displacement field. Generally, the proposed method not only can have a comparable registration performance to the four state-of-theart deformable registration methods but also can predict the lung positions at any given time in a respiratory cycle.
Considering the predictive estimation of lung motion, the proposed method has potentials to be used in thoracic radiotherapy. For example, generic margins are often adopted based on population statistics for standard conformal radiotherapy, which may cause big margins used and increase toxicities to the surrounding normal tissues. By predicting lung motion along respiratory cycle, the proposed method makes it possible to generate individual-specific margins and to reduce treatment margins. As such, the dose to the normal tissues can be significantly reduced. Besides, patients' breathing causes the deformation and motion of lungs and tumours, which introduces difficulties in the target delineation and dose calculation. The proposed algorithm provides an alternative way to locate positions of lungs and tumours, which is beneficial for delineation of organs at risk and potentially improves accuracy of treatment for patients. In future work, we will apply the proposed method to develop the motion prediction model of patient-specific lung tumours, so that radiation oncologists can adjust the radiation treatment plan adaptively for precise radiation to tumours during radiotherapy.
In addition, the study has demonstrated the reasonability of the proposed method in prediction of lung motion during respiratory cycle. However, the number of the patients is small for experiment at present. Therefore, more patients will be enrolled to investigate the performance of our method in clinical settings in the future. 
